A new fusion sensing (FS) method was proposed by using the improved fractal box dimension (IFBD) and a developed maximum wavelet coefficient (DMWC) for fault sensing of an online power cable. There are four strategies that were used. Firstly, the traditional fractal box dimension was improved to enlarge the feature distances between the different fault classes. Secondly, the IFBD recognition algorithm was proposed by using the improved fractal dimension feature extracted from the three-phase currents for the first stage of fault recognition. Thirdly, the DMWC recognition algorithm was developed based on the K-transform and wavelet analysis to establish the relationship between the maximum wavelet coefficient and the fault class. Fourthly, the FS method was formed by combining the IFBD algorithm and the DMWC algorithm in order to recognize the 10 types of short circuit faults of online power. The designed test system proved that the FS method increased the fault recognition accuracy obviously. In addition, the parameters of the initial angle, transient resistance, and fault distance had no influence on the FS method.
Introduction
It is important for power systems to run without faults. However, different types of faults often occur [1, 2] .
In neutral grounded power systems, single-phase ground faults account for 70%-80%, two-phase faults and two-phase ground faults account for 10%, and three-phase faults account for 5% of all faults that occur. Ground faults account for 90% of cases and the single-phase ground faults account for 84% of cases [3] [4] [5] .
In most of the literature, the online cable recognition methods concentrate on fractal theory, wavelet transform, neural network, genetic algorithms, and chaos theory. However, the research results can only be achieved in laboratory conditions [6] .
Fractal methods have developed rapidly in recent years due to good adaptation and good cross properties [7] [8] [9] . Scientists often combine it with other methods for signal processing [10] . More and more scholars are studying the fault diagnosis methods for power systems by combining fractal theory with other theories. For example, one research group used fractal theory and spectral analysis to select the single-phase fault phase in a small current grounded system [11] . In addition, researchers have compared the fractal dimensions of the transient currents between the fault phase and the non-fault phase to recognize the single-phase fault [12, 13] . Other researchers studied the state features of the transient signals of the high frequencies; these signals were caused by power system faults. The researchers combined the chaos theory with the fractal theory to analyze and classify the operational state of the power system [14] [15] [16] [17] .
On the other hand, wavelet theory is one of the outstanding achievements of mathematics research. It has been applied extensively in non-linear field theory. Wavelet analysis possesses localized Table 1 . Classes of short-circuit faults and their characteristics.
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Three-phase grounded fault of A, B and C Algorithms 2016, 9, 66 2 of 12 localized characteristics in the time-frequency domain. It can highlight mutative components of the processed signals by flexibly changing the window of the time-frequency domain, and can then extract the power cable fault information effectively [18] [19] [20] [21] . After comparing the wavelet modulus difference of the target traveling wave from the two ends, the fault type can be recognized [22] . However, this method fails to select the faulty phases of two-phase grounded faults. However, the fault type could be recognized according to the relationship between the amplitudes of the current modules [23] . Another study proposed a fault location method based on the genetic algorithm using the transient components of three-phase currents [24] . These methods have made great contributions to fault detection in power systems. However, these methods are still in the theoretical stages and have not been used in practice. Based on the aforementioned methods, a new fusion sensing (FS) method was proposed by using the improved fractal dimension and a developed maximum wavelet modulus for short-circuit fault recognition of online power cables in this paper.
The organization of this paper is as follows: Short-circuit fault components in online power cables are described in Section 2. The improved fractal box dimension (IFBD) recognition algorithm is proposed in Section 3. The developed maximum wavelet coefficient (DMWC) recognition algorithm is described in Section 4. The FS method is proposed by combining the IFBD algorithm and the DMWC algorithm in Section 5. The analysis of the experiment and the results are reported in Section 6, which includes three cases of different initial angles, different transient resistances, and different fault distances. The conclusions are drawn in Section 7.
Description of Short-Circuit Fault Components in Online Power Cable
The main classes of short-circuit faults in the three-phase power cable system and their voltage and current characteristics are shown in Table 1 . If a short-circuit fault of the three phases occurred, the voltage of each phase would be reduced. If a single-phase fault occurred, the fault phase current would increase, and the currents of the non-fault phases would decrease. The same class of faults has the same features, and different classes of faults have different features [25, 26] . The power cable fault state (PCFS) can be denoted by
Phase-between fault of B and C Algorithms 2016, 9, 66 2 of 12 localized characteristics in the time-frequency domain. It can highlight mutative components of the processed signals by flexibly changing the window of the time-frequency domain, and can then extract the power cable fault information effectively [18] [19] [20] [21] . After comparing the wavelet modulus difference of the target traveling wave from the two ends, the fault type can be recognized [22] . However, this method fails to select the faulty phases of two-phase grounded faults. However, the fault type could be recognized according to the relationship between the amplitudes of the current modules [23] . Another study proposed a fault location method based on the genetic algorithm using the transient components of three-phase currents [24] . These methods have made great contributions to fault detection in power systems. However, these methods are still in the theoretical stages and have not been used in practice. Based on the aforementioned methods, a new fusion sensing (FS) method was proposed by using the improved fractal dimension and a developed maximum wavelet modulus for short-circuit fault recognition of online power cables in this paper.
The main classes of short-circuit faults in the three-phase power cable system and their voltage and current characteristics are shown in Table 1 . If a short-circuit fault of the three phases occurred, the voltage of each phase would be reduced. If a single-phase fault occurred, the fault phase current would increase, and the currents of the non-fault phases would decrease. The same class of faults has the same features, and different classes of faults have different features [25, 26] . The power cable fault state (PCFS) can be denoted by localized characteristics in the time-frequency domain. It can highlight mutative components of the processed signals by flexibly changing the window of the time-frequency domain, and can then extract the power cable fault information effectively [18] [19] [20] [21] . After comparing the wavelet modulus difference of the target traveling wave from the two ends, the fault type can be recognized [22] . However, this method fails to select the faulty phases of two-phase grounded faults. However, the fault type could be recognized according to the relationship between the amplitudes of the current modules [23] . Another study proposed a fault location method based on the genetic algorithm using the transient components of three-phase currents [24] . These methods have made great contributions to fault detection in power systems. However, these methods are still in the theoretical stages and have not been used in practice. Based on the aforementioned methods, a new fusion sensing (FS) method was proposed by using the improved fractal dimension and a developed maximum wavelet modulus for short-circuit fault recognition of online power cables in this paper.
If a short-circuit fault of the three phases occurred, the voltage of each phase would be reduced. If a single-phase fault occurred, the fault phase current would increase, and the currents of the non-fault phases would decrease. The same class of faults has the same features, and different classes of faults have different features [25, 26] . The power cable fault state (PCFS) can be denoted by the sum of the normal state (NS) and the fault component state (FCS), as indicated in Equation (1) and Figure 1 .
Algorithms 2016, 9, 66 3 of 12 the sum of the normal state (NS) and the fault component state (FCS), as indicated in Equation (1) and Figure 1 . The fault components exist in the added abnormal state of the power cable. The voltage of the fault components can be obtained by the differences between the cable voltage after fault occurrence and the voltage of the normal state. Similarly, the current of the fault components can be obtained by the differences between the cable current after fault occurrence and the current of the normal state.
In a practical system of an online power cable, the n periods of voltage or current before fault occurrence are regarded as the voltage or current of the normal state. The voltage or current of the fault components Sg(t) can be calculated as follows [27] .
where S(t) is the voltage or the current after fault occurrence, T is the power frequency period, and n is a positive natural number (usually, n = 2).
The fault component is the voltage difference or current difference of a period. The fault component should also satisfy the time requirement for fault recognition.
The fault component of the current was taken as the initial signals of the power cable fault in this paper. We used Equation (1) to obtain the fault components of the power cable in the 10 types of short-circuit states. It includes three types of single-phase faults, three types of two-phase faults, three types of two-phase grounded faults, and one type of three-phase faults. The three phase currents and their fault components of the single-phase A earth faults are shown in Figure 2 . The blue curves are for phase A, the red curves are for phase B, and the green curves are for phase C. The fault components exist in the added abnormal state of the power cable. The voltage of the fault components can be obtained by the differences between the cable voltage after fault occurrence and the voltage of the normal state. Similarly, the current of the fault components can be obtained by the differences between the cable current after fault occurrence and the current of the normal state.
In a practical system of an online power cable, the n periods of voltage or current before fault occurrence are regarded as the voltage or current of the normal state. The voltage or current of the fault components S g (t) can be calculated as follows [27] .
where S(t) is the voltage or the current after fault occurrence, T is the power frequency period, and n is a positive natural number (usually, n = 2). The fault component is the voltage difference or current difference of a period. The fault component should also satisfy the time requirement for fault recognition.
The fault component of the current was taken as the initial signals of the power cable fault in this paper. We used Equation (1) to obtain the fault components of the power cable in the 10 types of short-circuit states. It includes three types of single-phase faults, three types of two-phase faults, three types of two-phase grounded faults, and one type of three-phase faults. The three phase currents and their fault components of the single-phase A earth faults are shown in Figure 2 . The blue curves are for phase A, the red curves are for phase B, and the green curves are for phase C.
The fault component of the current was taken as the initial signals of the power cable fault in this paper. We used Equation (1) to obtain the fault components of the power cable in the 10 types of short-circuit states. It includes three types of single-phase faults, three types of two-phase faults, three types of two-phase grounded faults, and one type of three-phase faults. The three phase currents and their fault components of the single-phase A earth faults are shown in Figure 2 . The blue curves are for phase A, the red curves are for phase B, and the green curves are for phase C. 
The Improved Fractal Box Dimension (IFBD) Recognition Algorithm
The fractal dimension can effectively measure the change of the fine distributed signals, and it keeps invariant if the signals are processed at different scales. Particularly, the box dimension is more suitable for use in calculating a figure or a discrete sport set. Therefore, the box dimension was chosen in this paper as the base to extract the fault feature [28] [29] [30] .
Definition of the Improved Fractal Box Dimension
The traditional box dimension Dim (Sr) of the point set Sr in a linear space R n is ( ) 
where n is the length of a side of a square box which covers the point set Sr. Nn(S) represents the minimum number of boxes containing Sr. By using the above approximation method, the box dimensions of the fault components of phase A, phase B, and phase C are calculated in the condition of the phase A earth fault shown in Figure 1 . Dim (SA) = 1.56030, Dim (SB) = 1.57527, Dim (SC) = 1.54622.
For the curves in a plane, their box dimensions always range from one to two. To make the fault classification easier, we can enlarge the distances between the different classes of the 10 types of the short circuit faults. Based on experiments, we defined the improved box dimension F as follows.
where "tan" represents the tangent function, and E(Dim*) is the expectation of the traditional box dimension Dim of the phase current in the normal state, and it can be written as follows. 
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Definition of the Improved Fractal Box Dimension
The traditional box dimension Dim (S r ) of the point set S r in a linear space R n is
where n is the length of a side of a square box which covers the point set S r . N n (S) represents the minimum number of boxes containing S r . By using the above approximation method, the box dimensions of the fault components of phase A, phase B, and phase C are calculated in the condition of the phase A earth fault shown in Figure 1 . Dim (S A ) = 1.56030, Dim (S B ) = 1.57527, Dim (S C ) = 1.54622.
where "tan" represents the tangent function, and E(Dim*) is the expectation of the traditional box dimension Dim of the phase current in the normal state, and it can be written as follows.
where S r is the current signals of the power cable in normal state, r = 1, 2, · · · , m, and m is a positive integer greater than three. According to Equation (4), we have the improved box dimensions F A , F B , and F C of the fault components of the three phase currents.
where Dim(S A ), Dim(S B ), and Dim(S C ) are the traditional box dimensions of the currents of phase A, B, and C, respectively. E(Dim*) is the expectation of the traditional box dimension Dim of the phase current in the normal state. "tan" represents the tangent function. For the 10 detailed classes of the short circuit faults, the fault features using the traditional box dimension and the improved box dimension are shown in Figure 3a ,b respectively. The horizontal axis represents the short circuit faults which include the 10 classes of short circuit faults. AG, BG, and CG are the single-phase short circuit faults. AB, BC, and AC are the phase-between short circuit faults. ABG, BCG, and ACG are the double-phase short circuit faults. ABC is the three-phase short circuit fault. The vertical axis is the fault feature values. The blue color represents phase A, the green color represents phase B, and the red color represents phase C.
where Dim(SA), Dim(SB), and Dim(SC) are the traditional box dimensions of the currents of phase A, B, and C, respectively. E(Dim*) is the expectation of the traditional box dimension Dim of the phase current in the normal state. "tan" represents the tangent function.
For the 10 detailed classes of the short circuit faults, the fault features using the traditional box dimension and the improved box dimension are shown in Figure 3a and Figure 3b respectively. The horizontal axis represents the short circuit faults which include the 10 classes of short circuit faults. AG, BG, and CG are the single-phase short circuit faults. AB, BC, and AC are the phase-between short circuit faults. ABG, BCG, and ACG are the double-phase short circuit faults. ABC is the three-phase short circuit fault. The vertical axis is the fault feature values. The blue color represents phase A, the green color represents phase B, and the red color represents phase C. From Figure 3 , it is clear that the traditional box dimension features of the 10 classes are relatively crowded. Compared to the traditional box dimension features, the improved box dimension features of the 10 classes have larger distances among the single-phase fault and the double-phase fault, as well as the three-phase fault. Furthermore, the improved box dimension features have larger distances among the different single-phase faults of A, B, and C. Obviously, the improved box dimension feature is better for short circuit fault recognition of the online power cable than the traditional box dimension feature.
The Improved Fractal Box Dimension (IFBD) Recognition Algorithm
According to the improved box dimension of Equations (6)- (8), we calculated the improved box dimension features of the short circuits. Based on the calculation results, we found the relationship between the fault classes and the IFBD features, shown in Table 2 below. We found that the improved box dimension features have a similar relationship in the cases of the two-phase grounded faults and the two-phase-between faults. After the three phase currents or voltages were collected, we could use the relationship to classify the fault. From Figure 3 , it is clear that the traditional box dimension features of the 10 classes are relatively crowded. Compared to the traditional box dimension features, the improved box dimension features of the 10 classes have larger distances among the single-phase fault and the double-phase fault, as well as the three-phase fault. Furthermore, the improved box dimension features have larger distances among the different single-phase faults of A, B, and C. Obviously, the improved box dimension feature is better for short circuit fault recognition of the online power cable than the traditional box dimension feature.
According to the improved box dimension of Equations (6)- (8), we calculated the improved box dimension features of the short circuits. Based on the calculation results, we found the relationship between the fault classes and the IFBD features, shown in Table 2 below. We found that the improved box dimension features have a similar relationship in the cases of the two-phase grounded faults and the two-phase-between faults. After the three phase currents or voltages were collected, we could use the relationship to classify the fault. Table 2 . Relationship between the fault classes and the IFBD features.
Types of Short Circuit Faults Feature Relationship
Three-phase faults The three phase currents were chosen as the original signals of the online power cable. The IFBD recognition algorithm could be described as follows.
Step 1: Input the three phase currents.
Step 2: Extract the current signals of any phase in fault state, and calculate the traditional box dimensions Dim(S A ), Dim(S B ), and Dim(S C ) of the fault components of phase A, B, and C using Equation (3).
Step 3: Substitute the traditional box dimensions Dim(S A ), Dim(S B ), and Dim(S C ) respectively into Equations (6)- (8) to calculate the improved box dimension features F A , F B , and F C of the fault components of the three phase currents.
Step 4: Classify the short circuit fault according to Table 2 .
The Developed Maximum Wavelet Coefficient (DMWC) Recognition Algorithm
In this section, we develop the DMWC recognition algorithm for the single-phase grounded faults (DMWCSP) and the two-phase grounded faults (DMWCTP). Similar to the previous IFBD recognition algorithm, the three phase currents were chosen as the original signals of the online power cable for the DMWC recognition algorithm.
In the fault state, the three phase components are asymmetric and interlocked, so the calculation and analyses are complex. After the K-transform below, we obtained the α modulus, the β modulus, and the 0 modulus of the three phases.
where i A , i B , and i C are the three phase currents of the online power cable.
The modulus components of 0, β, and α for the different faults are shown in Table 3 . It can be seen that the different classes of faults correspond to different patterns of the modulus α, modulus β, and the modulus 0. The DMWC algorithm of DMWCSP and DMWCTP are developed below. 
Based on the experiments, the wavelet Db3 were used to analyze the modulus components of α, β, and 0 for the different faults. The maximum wavelet coefficients I 0 , I α , and I β are listed in Table 4 for the 10 types of short circuit faults. The flow chart of the calculation of the maximum wavelet coefficients [31] is shown in Figure 4 . for the 10 types of short circuit faults. The flow chart of the calculation of the maximum wavelet coefficients [31] is shown in Figure 4 . The proposed DMWCSP algorithm is described below.
Step 1: Calculate the modulus components i0, iα, and iβ of the three phase currents iA, iB, and iC by using the K-transform.
Step 2: Calculate the maximum wavelet coefficients Iα and Iβ of the modulus components iα and iβ by using the Wavelet transform.
Step 3: If Iα < 0.01, then the fault is classified as the grounded fault of C. Otherwise, go to the next step.
Step 4: If Iβ < 0.01, then the fault is classified as the grounded fault of B. Otherwise, go to the next step.
Step 5: The fault is classified as the grounded fault of A.
Similar to the proposed DMWCSP algorithm, the proposed DMWCTP algorithm was described below to support DMWC recognition algorithm.
Step 2: Calculate the maximum wavelet coefficients I0 of the modulus components i0 by using the Wavelet transform.
Step 3: If I0 < 0.01, then the fault is classified as the two-phase grounded fault of AB, AC, or BC.
Otherwise, the fault is classified as the two-phase-between fault of AB, AC, or BC. The proposed DMWCSP algorithm is described below.
Step 1: Calculate the modulus components i 0 , i α , and i β of the three phase currents i A , i B , and i C by using the K-transform.
Step 2: Calculate the maximum wavelet coefficients I α and I β of the modulus components i α and i β by using the Wavelet transform.
Step 3: If I α < 0.01, then the fault is classified as the grounded fault of C. Otherwise, go to the next step.
Step 4: If I β < 0.01, then the fault is classified as the grounded fault of B. Otherwise, go to the next step.
Step 2: Calculate the maximum wavelet coefficients I 0 of the modulus components i 0 by using the Wavelet transform.
Step 3: If I 0 < 0.01, then the fault is classified as the two-phase grounded fault of AB, AC, or BC.
Otherwise, the fault is classified as the two-phase-between fault of AB, AC, or BC.
The Proposed Fusion Sensing Method
From the above studies, it was found that the IFBD recognition algorithm could recognize the single-phase fault, double-phase faults, and the three-phase fault easily. Additionally, it had a slight advantage in classifying the detailed single-phase faults of A, B, and C. In contrast, the DMWCSP and DMWCTP algorithms could recognize the detailed single-phase faults of A, B, and C. However, they had relative difficultly in recognizing the detailed double-phase faults of AB, AC, and BC.
The flow chart of the FS method is shown in Figure 5 . The FS method is described below.
Step 1: Input the real-time three-phase currents I A , I B , and I C .
Step 2: Extract the fault components i a , i b , and ic according to Equation (2).
Step 3: Calculate the improved box dimension features F A , F B , and F C of the fault components of the three phase currents by using Equations (6)-(8).
Step 4: If F C > F A > F B , the fault is classified as the three-phase fault. Otherwise, go to the next step.
Step 5 From the above studies, it was found that the IFBD recognition algorithm could recognize the single-phase fault, double-phase faults, and the three-phase fault easily. Additionally, it had a slight advantage in classifying the detailed single-phase faults of A, B, and C. In contrast, the DMWCSP and DMWCTP algorithms could recognize the detailed single-phase faults of A, B, and C. However, they had relative difficultly in recognizing the detailed double-phase faults of AB, AC, and BC.
Step 1: Input the real-time three-phase currents IA, IB, and IC.
Step 2: Extract the fault components ia, ib, and ic according to Equation (2).
Step 3: Calculate the improved box dimension features FA, FB, and FC of the fault components of the three phase currents by using Equations (6)-(8).
Step 4: If FC > FA > FB, the fault is classified as the three-phase fault. Otherwise, go to the next step.
Step 5 
Experiment and Results

Experimental Environment
The experimental system structure is shown in Figure 6 .
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The experimental system structure is shown in Figure 6 . The LabVIEW software was used for the interface platform. The diameter of the power cable was 2.5 mm. The power supply was the three phase variable-frequency power SPS-HL-3300 N, which changed the voltage from 380 V to 90 V. The star connection mode was used with the neutrals grounded. The signal collection card was a NI PCI-9203. The closed-loop Hoare current sensors CHB-25NP were from Beijing SENSOR Electronics Co., Ltd. (Beijing, China). Table 5 shows the IFBD recognition process and the results with an initial angle of 30° and a fault resistance of 30 Ω. Table 6 shows the DMWC recognition process and the results with the initial angle of 30° and fault resistances of 30 Ω and 300 Ω. Figure 6 . Experimental system structure.
Experiment Results and Analysis
The LabVIEW software was used for the interface platform. The diameter of the power cable was 2.5 mm. The power supply was the three phase variable-frequency power SPS-HL-3300 N, which changed the voltage from 380 V to 90 V.
The star connection mode was used with the neutrals grounded. The signal collection card was a NI PCI-9203. The closed-loop Hoare current sensors CHB-25NP were from Beijing SENSOR Electronics Co., Ltd. (Beijing, China). Table 5 shows the IFBD recognition process and the results with an initial angle of 30 • and a fault resistance of 30 Ω. Table 6 shows the DMWC recognition process and the results with the initial angle of 30 • and fault resistances of 30 Ω and 300 Ω. It can be seen from Table 5 that the IFBD recognition algorithm could classify 8 of the 10 types of short circuit faults. It could recognize the single-phase grounded faults, but could distinguish the detailed fault phase of A, B, or C.
The experiments proved that the DMWC recognition algorithm could correctly classify all 10 types of short circuit faults. In addition, the fault resistances had no influence on the recognition result of the DMWC recognition algorithm. Therefore, this algorithm is better than the IFBD recognition algorithm regarding fault type recognition.
It can be seen from Tables 7 and 8 that the FS method could correctly classify all 10 types of short circuit faults. The initial angle, the fault resistance, and the fault distance had no influence on the recognition result of the FS method. Therefore, the FS method is better than the IFBD recognition algorithm and the DMWC recognition algorithm regarding their comprehensive performances.
Conclusions
The IFBD algorithm was developed to enlarge the distances between 10 classes of short circuit faults by using the improved fractal dimension feature extracted from the three-phase currents for the first stage of fault recognition. K-transform and wavelet analysis were then used to establish the relationship between the modulus value and the fault class, and the DMWC recognition algorithm was developed. The IFBD algorithm and the DMWC algorithm were then combined to produce the FS method. Finally, the test system was utilized with the LabVIEW platform. The FS method was experimentally proven to effectively recognize all 10 classes of short circuit faults. The FS method was also not influenced by the parameters of the initial angle, transient resistance, and the fault distance. Compared with the DMWC algorithm, the FS method improved the recognition accuracy from 80.3% to 96.3% in the case of varied fault resistances, and improved the recognition accuracy from 87.8% to 98.0% in the case of varied fault distances.
